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Abstract. On obstacle-cluttered construction sites where heavy equipment is in use, 
safety issues are of major concern. The main objective of this paper is to develop a 
framework with algorithms for obstacle avoidance and path planning based on real-time 
three-dimensional job site models to improve safety during equipment operation. These 
algorithms have the potential to prevent collisions between heavy equipment vehicles 
and other on-site objects. In this study, algorithms were developed for image data 
acquisition, real-time 3D spatial modeling, obstacle avoidance, and shortest path finding 
and were all integrated to construct  a  comprehensive  collision-free  path.  Preliminary  
research  results show that the proposed approach is feasible and has the potential to be 
used as an active safety feature for heavy equipment. 
 
 
1   Introduction 
 
According to the United States Bureau of Labor Statistics’ 2004 Census of Fatal 
Occupational Injuries (CFOI) study, out of a total of 1,224 on-the-job fatalities that 
occurred in the construction industry, accidents involving from heavy equipment 
operation (e.g.: transportation accidents and contact incidents with objects and 
equipment) represented about 45% [1]. Clearly, attention to the safety issues 
surrounding heavy equipment operation plays an important role in reducing fatalities. 
However, since most construction sites are cluttered with obstacles, and heavy 
equipment operation is based on human operators, it is virtually impossible to avoid 
the general lack of awareness of work-site-related hazards and the relative 
unpredictability of work-site environments [2]. With the growing awareness of the 
risks construction workers face, the demand for automated safety features for heavy 
equipment operators has increased. 
The main objective of the research presented here is to develop a framework and 
efficient algorithms for obstacle avoidance and path planning which have the potential 
not only to prevent collisions between heavy equipment vehicles and other on-site 
objects, but also to allow autonomous heavy equipment to move to target positions 
quickly without incident. A research prototype laser sensor mounted on heavy 
equipment can monitor both moving and static objects in an obstacle-cluttered 
environment [3] [4]. From such a sensor’s field of view, a real-time three-
dimensional modeling method can quickly extract the most pertinent spatial 
information of a job site, enabling path planning and obstacle avoidance. Beyond 
generating an efficient and effective real-time 3D modeling approach, the proposed 
framework is expected to contribute to the development of active safety features for 
construction job sites. 
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2   Framework for Path Planning 
 
This section presents an overview of the framework for real-time path planning which 
includes real-time job site modeling. The proposed path planning framework can be 
described in two parts: the static search and the dynamic search. The static search is 
based on the entire static world (i.e. work space of a construction operation). The 
dynamic search is based on the dynamic local environment derived and limited to the 
field of view of the actual sensors mounted on mobile equipment. 
In the static search, all information about static objects is used for constructing a 
world map of the job site. First, a priori knowledge about the entire environment such 
as heavy equipment fleet information or CAD data is considered and converted into 
the world model. Based on this prior knowledge of the environment, the site’s world 
map is constructed. From this map, basic paths for mobile equipment are initiated 
from starting positions to goal positions. In the dynamic search, however, all dynamic 
and static objects in the local area –the area determined by the sensor’s field of view – 
are registered and tracked. The real-time 3D model is derived from an occupancy grid 
approach, and all dynamic and static objects are built into the local map. This 3D 
image represents the local environment. Once it is created, the local map is 
systematically superimposed onto the baseline global map, and any differences 
between the two maps play a key role in defining unknown objects and moving 
objects. The un- known objects should not appear on the global map, but do appear on 
the local map. The moving objects could be in the both maps, but the positions of 
these objects will vary. From this regularly updated local information, the initial path 
of the equipment is periodically revised as the dynamic environment evolves. To build 
optimized paths, nodes (points) that are designated as the algorithms perform dynamic 
searching, sensing, and reasoning functions in the environment. 
 
 
3   Real-Time 3D Job Site Modeling 
 
In the path planning algorithm, real-time 3D job site modeling is the first step. This 
modeling algorithm is based on an occupancy grid 3D modeling algorithm already 
developed by the Field Systems and Construction Automation Laboratory (FSCAL) at 
the University of Texas at Austin [5]. The occupancy grid method, first pioneered by 
H. Moravec and A. Elfes in 1985 [6], is one of the most popular and successful 
methods of accounting for uncertainty. Occupancy grids divide space into a grid of 
regular 
3D cells, which are scanned by a sensor that registers any surfaces filling them. From 
these readings, the modeling algorithm can estimate the probability of any one cell 
being occupied by any of these surfaces. The data points of a surface coalesce as real 
images that can then be plotted into one of the predefined virtual cells. If enough data 
points are plotted in a cell, that cell is considered occupied. If the cell is occupied, the 
cell has a value 1 and if not, the cell has an initial value 0. After conducting the proper 
noise removal process, a set of occupied cells builds an image of one object which 
can  be represented as  either static or  dynamic by  means of  a  certain clustering 
method. Since occupied cells represent real objects, it is easy to cluster an object and 
track its moving conditions. Also, the processing time is fast enough to attain an 
effective real-time application because only occupied cells are concerned in the 
process. 
 
 
 
3.1  Occupancy Grid Modeling Processing Techniques 
 
First, the world model and the sensor’s field of view need to be divided into a 3D grid 
system. When dividing the entire space into a 3D grid system, it is important to first 
determine the grid size. If the tracking of small objects is required, a high resolution 
grid map should be used. However, when higher resolution grids are used, the 
processing time is greater, and because noise becomes more prevalent, results are 
generally poorer. Therefore, the effective cell size should be chosen in accordance 
with the local environment’s type and size, keeping in mind the incoming data 
processing capability of the hardware. 
After the grid map is built, the sensor range data can be plotted into the cells of the 
grid. Each cell of the grid can have zero, single, or multiple range points. Once each 
cell meets a certain threshold count of range points, its center is filled with the value 1 
and can be called occupied. All other cells which have fewer range points than the 
threshold count, such as zero-occupied or only one-occupied, are considered to hold 
an extreme range value and fall in the category of noise. For example, if the threshold 
value for counting cells as occupied is three, only cells which have more than three 
range points are considered occupied cells. Cells which have less than three range 
points are considered noise. In this case, occupied cells have the value 1, and noise 
cells have the value zero. 
A reliable way of reducing the number of points in cells without losing valuable 
data is important for noise treatment and makes for faster image processing speed. If 
the above-mentioned noise removal, which is based on counting range points, is 
considered the first level of noise removal, the second level of noise removal only 
deals with occupied cells which have a value of 1. Second-level noise can happen 
when occupied cells exist alone in the 3D space – cells that are actually empty but that 
project a virtual image. To safely eliminate single-occupied noise cells, their 
surrounding neighbor cells should be investigated. If a certain number of neighbor 
cells around these cells are also occupied, the original value is kept as a value 1. If not, 
the original value is rejected as noise. All the above parameters (grid size, range point 
threshold value, and neighbor threshold value) are user input data. Many different sets 
of grid mapping parameters are available; their variety helps users find modeling 
conditions best-suited for the real environment. 
A set of occupied cells can be made to represent one object by applying a cell 
clustering method. In this research, a nearest neighbor clustering algorithm [7] was 
adapted by following several steps. First, positions of every occupied cell were com- 
pared with each other, and if a distance between two cells was less than a given 
threshold value, it meant that the two cells belonged in the same cluster. Conversely, 
if a distance was larger than the threshold value, it meant that the two cells belonged 
in different clusters. This cell-to-cell comparison was iterated between whole 
occupied cells and as a result, all cells were modeled into the correct clusters. 
After grouping occupied cells, cluster information such as the center of gravity 
value of each cluster and the cluster size was determined. This cluster information is 
valuable for tracking objects and for the path planning of objects because knowing the 
center of gravity value and the cluster size is basic to calculating the conditions of 
moving objects like velocity and acceleration vectors. 
 
 
 
4   Path Planning 
 
The ultimate purpose of real-time obstacle detection and environmental modeling is to 
plan a  collision-free path under the real-world constraints of  a  job site, and the 
planned path represents the shortest, safest, and most visible path [8] [9] [10]. The 
first step of the proposed path planning algorithm is to determine a starting position, 
an ending position, and interim path nodes within the static environment, with safety 
margins established around static objects. Then the interim nodes are revised as the 
dynamic object’s moving conditions are tracked according to a dynamic path tree 
algorithm.  This  dynamic  path  tree  algorithm  uses  dynamically  allocated  points 
through real-time searching, sensing, and reasoning in the environment. This 
algorithm is able to find the visible points of any local position in the environment 
and; from that data, can plan a collision-free path and motion trajectory by projecting 
angles to partition the obstacle-space. By making the node-with-no-obstacles state 
a higher priority, this algorithm chooses the shortest cost state as the discrete goal and 
keeps iterating this goal-oriented action until the mobile vehicle reaches its planned 
destination. 
 
4.1  Path Planning Processing Techniques 
 
The real-time object detection and environmental modeling approach is based on a 3D 
environment because the 3D modeling approach can represent a real environment 
more accurately and more effectively than a 2D approach. However, at this stage of 
the research, the path planning algorithm is based on a 2D environment without 
elevation information. Current research is being conducted to incorporate 3D path 
planning algorithms into the proposed framework. 
The first step of the path planning algorithm is to set the task and interim nodes on 
the map. Task nodes contain starting and target positions of the autonomous heavy 
equipment vehicle. After setting these two task nodes, interim nodes around static 
objects begin to be set. A safety zone is created around each static object to prevent 
collisions between objects and the autonomous vehicle, and four interim nodes are set 
at every vertex of the end edge of each object’s safety zone (Figure 1). 
The second step of the algorithm is creating possible discrete paths. A discrete path 
is any possible path between any of the nodes and consists of a beginning position, a 
stopping position, and a distance between both positions. In Figure 1, a path between 
a starting position and interim node 1 is a discrete path which has a distance d. The 
notation for a path is: Path name(Beginning node, Stopping node, Distance). To 
determine the possibility of a collision-free path, a distance between a path and every 
vertex of a static object need to be investigated. This calculated distance should be 
compared with a safety threshold value, and if the compared distance is larger than 
the threshold, the path is possible to track. Figure 2 shows several possible paths, such 
as Path 1(S, 1, Dist 1) or Path 2(S, 2, Dist 2). 
The next step of the algorithm is to consider the dynamic object’s moving 
positions. After generating all possible discrete paths from the nodes that are set 
around static objects, dynamic objects should be incorporated into discrete paths. 
First, a certain  discrete path  is  selected  and  compared to  a  moving object  to  
determine whether a moving object intersects the autonomous vehicle’s possible 
path. Both the 
 
 
 
 
 
Fig. 1. Task and interim node settings Fig. 2. Created discrete paths 
 
 
autonomous vehicle’s position and the moving object’s position at a certain time t are 
determined. Then, the distance between the two positions are calculated to figure out 
whether the autonomous vehicle’s path is influenced by the moving object. If the 
distance is larger than a safety threshold, there is no danger of the vehicle colliding 
with the moving object. However, if the distance is smaller than the threshold, one 
more node should be added onto the map to avoid collision (Figure 3). After adding a 
new node, a new path is created and designated as New_Path(Starting, New, 
Dist_New). The previous path, Path 1(S, 1, Dist 1), is deleted from the set of discrete 
paths and New_Path replaces Path 1. Once a new node is added, it is necessary to 
repeat the entire path creation process, incorporating the new set of nodes. The 
process of creating discrete paths and considering dynamic objects should be 
repeated until all discrete paths become collision-free paths. 
The final step of the algorithm is to calculate a shortest path. All possible paths 
from the starting position to the goal position are considered and their total travel 
distances are stored for comparison with each other. Finally, the shortest path for the 
autonomous vehicle is determined from among all possible trajectories. This selected 
path allows the autonomous vehicle to reach the target position in the least amount of 
time without any collision, even within an obstacle-cluttered environment (Figure 4). 
 
 
 
 
Fig. 3. Dynamic object consideration Fig. 4. Calculated shortest path 
 
 
 
5   Simulation Results 
 
With the proposed real-time 3D modeling path planning algorithms providing the 
virtual model environment, a computer simulation was generated using the C++ 
programming language in Microsoft Visual Studio .NET 2003. This experimental 
environment was constructed in the FSCAL. The experimental environment consisted 
of a 
3D video range camera sensor (FlashLADAR), a static box, a moving wire-controlled 
cart transporting a vertically mounted pipe, and a background wall. 
The simulation held five basic assumptions: (1) Path planning is based on the two- 
dimensional approach. (2) An autonomous mobile vehicle first plans its collision-free 
paths based on a path planning algorithm in a static position, and then starts moving 
with a constant forwarding velocity (cm/sec). (3) A moving cart transporting a pipe 
moves with a constant forwarding velocity (cm/sec), and no acceleration. For the path 
planning simulation, only four frames captured within 0.14 seconds are used to 
calculate the moving object’s velocity. The autonomous vehicle waits until four 
frames are captured to avoid measuring the initial acceleration of the moving object. 
0.14 seconds is also a short enough time span not to cause meaningless idling 
time of the autonomous vehicle. (4) The 0.14-second time span is also enough time 
for the vehicle to update image frames while it is moving to its target position. While 
the pro- posed path planning algorithm allows the vehicle to update local image 
frames every 
0.14 seconds, in the current simulation, it trusts the planned path without any new 
image update while it is moving. (5) All frames are captured from a static sensor. 
 
5.1  Occupancy Grid 
 
There were four major saved data derived from the 3D modeling process: occupancy 
grid data, cluster information, a sensor position, and velocity vectors. These 
simulation results were exported into Matlab software to show how well the saved 
data rep- resented the local environment as a 3D image. All results were based on a 
10cm occupancy grid size, on a three-point threshold for determining occupied cells, 
and on occupied cells having four occupied neighbors to establish their validity. 
 
5.2  Path Planning Results 
 
First, velocity vectors of moving objects were calculated from frame captures using 
the Flash LADAR. Next, an initial sensor position was set as a starting position for 
the autonomous equipment. These data came from the results of the occupancy grid 
processing. After the local conditions were considered, the goal position and the 
safety threshold value were set. The simulation results showed that, when the 
autonomous vehicle’s speed was low, the shortest path was influenced by the moving 
object’s position, and as a result, a new node was incorporated into the shortest path 
(Figure 5). However, when the autonomous vehicle moved at a high speed, the 
position of the moving object did not intersect the shortest path; therefore, the 
shortest path did not incorporate any new node (Figure 6). 
 
 
 
 
 
Fig. 5. Results with 70cm/sec – shortest path      Fig. 6. Results with 150cm/sec - shortest path 
 
 
6   Conclusions and Discussion 
 
A preliminary study of an obstacle avoidance and path planning method based on a 
real-time 3D modeling approach was described in this paper. The preliminary results 
suggest that the proposed framework and algorithms work well in a dynamic 
environment, cluttered with both static and moving objects. The occupancy grid 
algorithms successfully build a suitable 3D local model in real-time, and the path 
planning algorithms are able to produce a collision-free motion trajectory. Such 
situation- specific trajectories can then assist heavy equipment operators plan safer, 
more efficient, and no longer arbitrary routes. Using this technology, operators can 
guard against striking unexpected site objects, especially personnel moving outside 
operators’ range of visibility. As a result, the proposed approach has the potential to 
improve safety in situations where heavy equipment is in use. The collision-free 
path can be determined even under low-visibility job site conditions. Used as an 
active safety feature, it has the potential to reduce accidents caused by operators’ 
inattention, to detect unknown dynamic obstacles, and eventually to minimize 
fatalities and property damage resulting from unexpected situations. 
The proposed framework uses a research prototype laser scanning sensor to acquire 
spatial information, technology which costs approximately $7000.  For a large scale 
construction site, the sensors could be either placed at strategic positions on the site or 
installed on selected heavy equipment, depending on what type of sensor coverage is 
needed. In this paper, the cost-benefit ratio of applying such technology has not been 
fully investigated and leaves room for future research. Such future research would 
also extend the proposed preliminary path planning algorithm into 3D-based 
approaches. In addition, additional experiments on actual construction sites should 
be conducted to further validate the feasibility of the proposed framework. 
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